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There is a growing interest in the relationship between
ividuals’ physical traits and their economic success.
 literature has focused on three attributes: beauty
mermesh and Biddle, 1994), height (Case and Paxson,
2008; von Hinke Kessler Scholder et al., 2010) and body
size (Cawley, 2004; Cawley and Spiess, 2008). The recent
rise in body size across a large set of countries (OECD,
2007) makes the latter particularly pertinent. Studies
estimating the effect of Body Mass Index (BMI) or obesity
on economic outcomes such as wages generally ﬁnd
obesity to be associated with lower wages, at least for
white females (Cawley, 2004).1 Studies that focus on
children or adolescents and their academic achievement
however, report conﬂicting ﬁndings. Some ﬁnd that BMI is
inversely associated with academic test scores, though
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The literature that examines the relationship between child or adolescent Body Mass
Index (BMI) and academic attainment generally ﬁnds mixed results. This may be due to the
use of different data sets, conditioning variables, or methodologies: studies either use an
individual ﬁxed effects (FE) approach and/or an instrumental variable (IV) speciﬁcation.
Using one common dataset, the Avon Longitudinal Study of Parents and Children, and a
common set of controls, this paper compares the different approaches (including using
different types of IV’s), discusses their appropriateness, and contrasts their ﬁndings. We
show that, although the results differ depending on the approach, most estimates cannot
be statistically distinguished from OLS, nor from each other. Examining the potential
violations of key assumptions of the different approaches and comparing their point
estimates, we conclude that fat mass is unlikely to be causally related to academic
achievement in adolescence.
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1 BMI is deﬁned as weight in kg divided by height in metres squared.
Obesity refers to a BMI above 30.
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Averett and Stifel, 2010), whilst others report no evidence
of association in either gender (Fletcher and Lehrer, 2008;
Kaestner and Grossman, 2009).
It is possible that the differences between studies are
overstated: there may be no true differences in
associations across studies, but p-values for associa-
tions may vary due to different sample sizes. Differ-
ences between studies may also arise because of
different associations in different populations, the use
of different conditioning variables, or different meth-
odologies. To deal with the possible endogeneity of BMI,
the literature has generally used either an individual
ﬁxed effects (FE) and/or instrumental variable (IV)
approach. In this paper, we use one common dataset
and control for the same extensive set of covariates. We
focus on the effect of children’s adiposity (fat mass, as
measured by a dual-energy X-ray absorptiometry (DXA)
scan) on their academic performance. The use of a direct
measure of fat mass is one of the strengths of this paper,
addressing a recent call for the use of more accurate
measures of obesity than the generally used BMI based
on self-reported height and weight, or even BMI based
on measurements (Burkhauser and Cawley, 2008;
Burkhauser et al., 2009). We acknowledge, however,
that there are very strong correlations between BMI and
fat mass, with similar associations of both with
cardiovascular risk factors, including in this dataset
(Lawlor et al., 2010).
To account for the possible endogeneity of adiposity, we
follow the existing literature and use an individual FE
approach as well as IV. Within the latter, we distinguish
between three different sets of instruments that have been
used in this literature. We discuss their appropriateness,
compare their performance and contrast their ﬁndings.
First, we use the mother’s pre-pregnancy BMI to instru-
ment for the child’s fat mass (as in Sabia, 2007; Averett and
Stifel, 2010). Second, we use the child’s fat mass in previous
periods as instruments for the child’s current fat mass
(Kaestner and Grossman, 2009). Third, we specify two
previously used genetic markers as instruments for current
fat mass (von Hinke Kessler Scholder et al., 2011a).
Although one may argue that (some of) these identiﬁcation
strategies are problematic, they have all been used in the
literature and hence we compare each of them in this
study.
OLS results show that more adipose children perform
worse in school tests compared to their leaner counter-
parts. These ﬁndings are robust to an individual FE
speciﬁcation. We show that the IV results differ depending
on the instrument set chosen. Accounting for the
endogeneity of adiposity by using maternal pre-pregnancy
BMI yields large negative estimates, suggesting that
greater adiposity is associated with poorer school out-
comes, possibly to a larger extent than that observed using
OLS analysis. Using children’s lagged fat mass to instru-
ment for current fat mass leads to (patterns of) estimates
that are very similar to the OLS ﬁndings, but with slightly
larger standard errors. Accounting for the endogeneity
of fat mass using genetic markers shows somewhat
more ambiguous results, with point estimates that are
sometimes smaller and sometimes larger than the OLS
results. With the large standard errors however, we cannot
reject the null of no effect.
The different approaches make different assumptions,
which may or may not be valid in this context. OLS for
example, is likely to be subject to residual confounding,
and a FE approach does not deal with reverse causation,
nor does it deal with time-varying unobservables that
affect both fat mass and child outcomes. In addition, we
show that the two non-genetic instrument sets are
associated with several child and family background
characteristics that are also associated with children’s
educational outcomes. This suggests that – in this context,
where the main concern relates to unobserved confound-
ing rather than reverse causation as we discuss below –
they do not satisfy the exclusion restriction criteria
required for a valid instrument. Hence, when examining
the effects of children’s fat mass/BMI on their outcomes,
we call for a cautious use of these measures as instru-
mental variables for children’s adiposity. In contrast, we
show that the genetic variants are generally unrelated to
the background characteristics that are associated with
children’s educational attainment. Taken together, this
suggests that the use of carefully chosen genetic variants as
instrumental variables is least likely to obtain biased
causal effects.
Nevertheless, most estimates cannot be statistically
distinguished from OLS, nor from each other. Taking
account of the potential violations of key assumptions
when addressing causality using the different approaches
and comparing their point estimates, we conclude that fat
mass is unlikely to be causally related to academic
achievement in adolescence.
2. The previous literature
Sabia (2007) examines 14–17 year-olds from the
National Longitudinal Study of Adolescent Health (Add
Health) and ﬁnds a negative relationship between white
girls’ BMI and their educational achievement. These results
are robust to an individual FE approach and to a
speciﬁcation using IV, with mother and father’s self-
reported obesity status as instruments. But the estimates
of any effect are small: it takes a weight difference of
approximately 150 pounds (68 kg) for there to be a half-
letter grade difference in Grade Point Average, all else
equal. Averett and Stifel (2010) examine the effects of
being overweight on educational attainment using data on
the children of female cohort members of the National
Longitudinal Survey of Youth 1979 (C-NLSY79), from 1986
to 2002. Focusing on elementary school-age children aged
6–13, they show that overweight children have lower
educational outcomes compared to children of a healthy
weight. This ﬁnding remains when using individual FE or
IV, with mother’s pre-pregnancy BMI and its square as
instruments.
Kaestner and Grossman (2009) examine 5–12 year-olds
of the C-NLSY79 between 1986 and 2004. They regress the
change in educational attainment over two years on
indicators representing the child’s under- and overweight
status and use IV, specifying the child’s lagged BMI
per
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dence that children’s academic progress is affected by
ir weight.
The main aim in von Hinke Kessler Scholder et al.
11a) is to provide a discussion of the conditions that
d to be met for genetic markers to be used as
truments. Their application uses the Avon Longitudinal
dy of Parents and Children (ALSPAC) to examine the
cts of children’s fat mass on their academic achieve-
nt. They use the genetic variants FTO and MC4R as
trumental variables for fat mass as measured by a DXA
n. Using this so-called ‘Mendelian randomization’
roach (Davey Smith and Ebrahim, 2003), they ﬁnd no
dence of a causal effect of fat mass on educational
comes.2
The above studies all account for a similar ‘standard’
 of covariates (such as gender, age, birth weight,
sehold composition, household income, maternal
ployment, education and age at birth), though Sabia
07) and von Hinke Kessler Scholder et al. (2011a)
loit the more extensive set of background character-
cs available in their data. This includes covariates such
parental preferences and investment in children,
ternal mental health, and maternal or child alcohol
 cigarette intake. von Hinke Kessler Scholder et al.
11a) show however, that the addition of these
iables does not lead to large changes in the point
imates. Hence, though possible, we do not expect the
erences in covariates to explain all differences in
ings between these studies.
There are many other studies that examine the
tionship between body weight and educational out-
es or IQ. Some examine the effects of education/IQ on
y weight, whilst others explore the effect of body
ight on education/IQ (see e.g. Sorensen et al., 1983; Li,
5). Only few studies are prospective (see e.g. Lawlor
l. (2006) and references therein), but with most using a
ss-sectional design, the direction of the estimated
ociations is unclear. Although a FE speciﬁcation does
 deal with this reverse causation, the IV approach may
able to depending on when the instrument, BMI and
come of interest are measured.
ata
Our data are from a cohort of children born in one
graphic area (Avon) of England. Women eligible for
olment in the population-based ALSPAC study had an
expected delivery date between 1 April 1991 and 31
December 1992. Approximately 85% enrolled, leading to
about 14,000 pregnancies. The Avon area is broadly
representative of the UK, though individuals are slightly
more afﬂuent than the general population in that they are
less likely to live in rented accommodation and to have a
father in a manual occupation. The Avon area does not
show any marked differences in factors such as single
parenthood, parental education, mobility, parental smok-
ing, birth weight, mental and physical disabilities, and the
proportion living in rural areas compared to the whole of
Great Britain (Golding et al., 2001).3 The variables in
ALSPAC include a wide range of child and family back-
ground characteristics, including information on child
health, child development and family inputs. Data are
collected from various sources, such as in-depth inter-
views, self-completed questionnaires, biological samples,
and linkage to medical and school records. This allows us to
examine the very detailed information on child and family
background.
We observe 12,620 children who returned at least one
questionnaire. Of these, 642 were excluded because either
their mother or father is of non-white ethnic origin,
leaving 11,978 potential participants.4 Our sample selec-
tion process is as follows. First, we select those children for
whom we observe their adiposity as measured by a DXA
scan. This was recorded at specially designed clinics,
which all children were invited to attend. As not all
children attended these clinics, our sample sizes drop to
6078. Second, as we wish to compare the different sets of
instruments used in this literature, we drop those
observations with missing information on any of the
three instrument sets, leaving us with 3728 children.
Finally, we restrict the sample to those children for whom
we observe their educational outcomes, leading to a ﬁnal
sample size of 3001. We deal with missing values on other
covariates using multivariate imputation. Table 1 com-
pares the original sample to our estimation sample; we
discuss this in more detail after discussing the variables
used in the analyses.
3.1. Measures of academic achievement
Our main outcome measure is the child’s exam result
on the Key Stage 3 (KS3) test. The KS3 exam is a nationally
set exam, taken by all 14-year-olds in English state
(public) schools.5 Children’s scores for three subjects
(English, maths and science) are obtained from the
National Pupil Database, a census of all pupils in England
Mendelian randomization refers to the random assignment of an
vidual’s genotype from his/her parental genotypes that occurs at
eption. Other studies in the economics literature that have used
tic markers as instrumental variables for child or adolescent BMI
ude Ding et al. (2006), Fletcher and Lehrer (2008), and Norton and Han
8). Their instruments are a set of variants generally associated with
rotransmitters. As these are unlikely to satisfy the conditions that
 to be met for genetic markers to be used as instruments, we do not
uss them further. A recent symposium in Health Economics however,
iﬁcally examines the use of neurotransmitter-related variants
ley et al., 2011) and other genetic variants (von Hinke Kessler
3 See www.bristol.ac.uk/alspac for more a detailed description of the
representativeness of the sample, its enrolment, and response rates.
4 The IV speciﬁcation that uses genetic variants requires us to drop
non-white children, as allele frequencies are known to vary across ethnic
groups. Any systematic relationship between the allele frequency and the
outcome of interest in these different sub-populations can lead to an
association between the two at the population level without an actual
causal relationship, violating the IV assumptions. This situation is also
known as population stratiﬁcation. To make the analyses comparable
across the different approaches, we drop all non-white children. Seelder et al., 2011b) in IV speciﬁcations, discussing the use of genetic
ation both across the population and within families (Fletcher, 2011).
Appendix A for deﬁnitions of some of the terms used in genetics.
5 93 percent of English children attend state schools.
S. von Hinke Kessler Scholder et al. / Economics and Human Biology 10 (2012) 405–418408within the state school system, which is matched with
ALSPAC records. We use an average score for the three
subjects, standardised on the full sample of children for
whom data are available, with mean 100 and standard
deviation 10. When we use two measures of academic
achievement in the FE analysis, we also include the child’s
Key Stage 2 (KS2) result, a similar nationally set exam
taken at age 11.
3.2. Child fat mass
We measure child adiposity by the child’s body fat
mass (adjusted for gender, age in months, height and
height squared), as determined by a dual-energy X-ray
absorptiometry (DXA) scan. This method scans the whole
body, dividing it into body fat, lean tissue mass, and bone
density. Our focus is on the child’s fat mass at age 11. We
standardise this on the full sample of children for whom
data are available, with mean 100 and standard
deviation 10.
3.3. The instrumental variables
We compare three sets of instruments. First, we use the
mother’s pre-pregnancy BMI and its square. To make the
maternal BMI distribution comparable with the child’s fat
mass distribution, we standardise it to have mean 100,
standard deviation 10. Second, we use percentiles of the
child’s fat mass in a previous period. More speciﬁcally, as
in Kaestner and Grossman (2009), we use the percentiles
0–5, 6–15, 16–84, 85–94 and 95–100 of the child’s
adiposity distribution at age 9 as instruments for fat
mass at age 11. Third, we use two genetic markers that
have been consistently shown to relate to (child) BMI and
fat mass: FTO (rs9939609) and MC4R (rs17782313).6 The
genetic model for FTO is additive, meaning that each risk
allele (A) affects the phenotype by a similar amount.7
Hence, we enter this as one variable with three categories:
no risk alleles (homozygous TT), one risk allele (hetero-
zygous AT) and two risk alleles (homozygous AA). The
genetic model for MC4R is dominant, meaning that the
presence of any risk allele – either one or two – is
associated with a similar increase in adiposity (Timpson
et al., 2009a). We therefore specify this as a binary variable
indicating whether the child carries at least one risk allele
(C); i.e. we compare individuals with genotype CC or CT to
those with genotype TT.
3.4. Control variables
We observe an unusually rich set of child and family
background characteristics that we include as covariates as
they may be related to both adiposity and the child’s
educational performance. In addition, we use these to test
whether they differ for the different instrument sets used.8
As the main aim of this paper is to compare the different
approaches and contrast their ﬁndings, we use the same
set of covariates in all speciﬁcations and report the
unadjusted as well as adjusted OLS and IV estimates.9
We control for the child’s birth weight and for the
number of older and younger siblings under 18 in the
household. As children’s educational outcomes are known
to differ with within-year age, the analyses include binary
indicators for children’s age (in months). We include
several controls for socio-economic position: we account
for the log of family income and its square, four binary
indicators for mother’s educational level, the mother’s
parents’ educational level, an indicator for whether the
child is raised by the natural father, binary indicators for
the family’s social class, maternal age at birth, and parental
employment status when the child is 21 months. We also
include a measure of small (local) area deprivation: the
Index of Multiple Deprivation (IMD).10
In addition to these generally observed controls, our
data allow us to also account for further measures of
mother’s health and behaviour, which may be correlated to
both children’s adiposity and educational attainment. We
include two binary variables that measure whether
the mother smoked or drank alcohol in the ﬁrst three
months of pregnancy and account for ordered indicators
for the intensity of mother’s breastfeeding (never, <
1month,1–3 months and 3+ months). We include the
mother’s ‘locus of control’, a psychological concept that
describes whether individuals attribute successes and
failures to internal or external causes. Those with an
internal (low) locus of control see themselves as
responsible for the outcomes of their actions. Those
with an external (high) locus of control believe that
successes and failures are chance-determined. We include
6 See for example Frayling et al. (2007); Hinney et al. (2007); Loos et al.
(2008); Willer et al. (2008); Hunt et al. (2008); Thorleifsson et al. (2009);
Meyre et al. (2009); Heard-Costa et al. (2009). The rs-number is an
identiﬁcation tag that uniquely positions the polymorphism in the
8 Note that, in the absence of population stratiﬁcation (see footnote 4),
controlling for covariates is not required in Mendelian randomization
studies, and may lead to biased estimates. The reason is that, as the
variants are randomly assigned at conception, any characteristic is, in
principle, a post-randomization variable, and – with that – may be
affected by the instrument. If the instrumented risk factor has multiple
causal effects, or if the outcome of interest has a causal effect of its own,
adjusting for such post-treatment variables may lead to biased estimates
of the causal effect of interest (von Hinke Kessler Scholder et al., 2011a).
9 Under the independence assumption, and in a situation where the
instrumented risk factor and outcome do not (directly or indirectly) affect
the covariates, the unadjusted and adjusted IV estimates should be
similar.
10 Family income is an average of two observations (when the child is
aged 3 and 4) and is in 1995 prices. It is equivalised (i.e. adjusted for
family size and household composition) using the OECD equivalence scale
to allow for a comparison of incomes for all households. The educational
indicators are: less than ordinary (O) level, O-level only, advanced (A)
level that permits higher educational study, and having a university
degree. We use the standard UK classiﬁcation of social class based on
occupation (professional (I), managerial/technical (II), non-manual
skilled (IIInm), manual skilled (IIIm), semi-skilled (IV) and unskilled
(V)). IMD is based on six deprivation domains, including health
deprivation and disability; employment; income; education, skills and
training; housing; and geographical barriers to services. Increasing IMDgenome.
7 For a brief overview of the genetics terms used here, see Appendix A.
scores indicate greater deprivation. The IMD measure relates to areas
containing around 8000 persons.
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S. von Hinke Kessler Scholder et al. / Economics and Human Biology 10 (2012) 405–418 409 measures of maternal mental health to account for
sible confounding and control for several measures of
ental involvement or interest in the child’s develop-
nt.11
Finally, we control for school ﬁxed effects to account
for possible clustering by schools of children’s outcomes
and calorie intake and expenditure patterns (such as via
school meals and physical activity). We do not include
these in all speciﬁcations, as this drops an additional 155
children from our sample. For these children, we observe
no other pupils in their school; hence, we cannot
estimate a school effect.
Column 1 in Table 1 presents summary statistics for the
full sample of children for whom data is available; column
2 shows the statistics for the estimation sample. The
former is based on a maximum of 12,620 children if the
variable has no missing values on any observations; our
estimation sample consists of 3001 children. There is
statistical evidence of differences between the two
samples for many of the characteristics, but for most the
actual magnitude of difference is small. For example, the
average Key Stage scores in the ﬁnal sample are higher
than that in the original sample, there are more girls, and
le 1
criptive statistics for the full sample and the estimation sample.
riable (1)
Full sample
(2)
Estimation sample
(3)
p-Value, two-sample
mean test
Mean Std. dev Mean Std. dev
tcome variable
3 score 100.00 10.00 103.30 8.49 <0.001
2 score 100.00 10.00 102.40 8.39 <0.001
riables of interest
t mass, age 11 100.00 10.00 99.70 9.80 0.170
t mass, age 9 100.00 10.00 99.70 9.69 0.164
ntextual variables
rcent female 0.48 0.50 0.51 0.50 0.003
rth weight 3395 560 3416 540 0.053
der siblings (0, 1, 2 or more) 0.75 0.76 0.71 0.73 0.008
unger siblings (0, 1, 2 or more) 0.46 0.63 0.53 0.65 <0.001
 (income) 5.28 0.49 5.35 0.44 <0.001
other’s education 2.26 0.92 2.41 0.88 <0.001
andmother’s education 1.71 0.78 1.75 0.76 0.014
andfather’s education 1.81 0.81 1.86 0.77 0.003
ised by natural father 0.92 0.27 0.95 0.22 <0.001
ther’s social class 3.06 1.31 3.02 1.29 0.134
other’s age 3.21 0.99 3.41 0.89 <0.001
other works PT, at 21 months 0.36 0.48 0.41 0.49 <0.001
other works FT, at 21 months 0.10 0.30 0.11 0.31 0.119
rtner is employed, 21 months 0.97 0.44 0.95 0.32 0.004
D 21.26 15.25 18.98 13.62 <0.001
rental health and behaviour
other smoked during pregnancy 0.24 0.43 0.17 0.37 <0.001
other drank alcohol during pregnancy 0.55 0.50 0.56 0.50 0.327
tensity of breastfeeding 1.76 1.24 1.92 1.19 <0.001
other’s ‘locus of control’ 100.11 9.62 98.45 9.39 <0.001
other’s CCEI 13.65 7.74 12.67 7.14 <0.001
other’s EPDS 6.95 4.83 6.24 4.50 <0.001
other’s teaching score 7.01 1.09 7.04 0.90 0.121
terest in child’s development 0.69 0.21 0.69 0.20 1.000
rent’s activity score 27.73 4.95 27.90 4.53 0.087
strumental variables
other’s BMI 100.00 10.00 100.16 9.63 0.425
ild weight categories 3.00 0.77 2.99 0.76 0.552
O (categorical, with values 0, 1 and 2) 0.79 0.69 0.79 0.69 0.788
C4R (binary, values 0, 1) 0.43 0.49 0.42 0.49 0.340
mber of observations 12.620 3001
: The descriptive statistics of the full sample are based on a maximum of 12.620 observations if the variable reported in the column has no missing
es on any observations.
Maternal mental health is measured by the Edinburgh Post-natal
ression Score (EPDS) and Crown-Crisp Experimental Index (CCEI) at
eeks gestation. EPDS indicates to what extent the mother is at risk of
natal depression; CCEI captures a broader deﬁnition of mental health,
suring general anxiety, depression and somaticism. Higher scores
n the mother is more affected. The mother’s ‘teaching score’ is
tructed from questions that measure whether the mother is involved
aching her child (depending on the child’s age) songs, the alphabet,
g polite, etc. We use an average score from three measures at ages 18,
and 42 months to capture longer-term involvement. Likewise, a
able is included indicating whether the mother reads/sings to the
d, allows the child to build towers/other creations, etc., measured at
24 months. Finally, we also account for the extent to which parents
ge in active (outdoor) activities with their children, such as going to
park or playground and going swimming.
S. von Hinke Kessler Scholder et al. / Economics and Human Biology 10 (2012) 405–418410babies have a higher average birth weight. The estimation
sample is also of higher socio-economic position: they
have higher incomes, mothers and grandparents are better
educated, and live in less deprived areas. Mothers in the
estimation sample are also less likely to have smoked
during pregnancy, and have breastfed for longer. Finally,
they have a lower locus of control and are in better mental
health. Note however, that there is no strong statistical
evidence that the means of all three sets of instrumental
variables differ between the samples, suggesting that the
attrition is unrelated to the different instrument sets.12
4. Estimation strategy and hypotheses
We examine the impact of children’s adiposity on their
educational outcomes. We begin with a simple linear
model:
Si;14 ¼ b0 þ b1Ai;11 þ ui;14; (1)
where child i’s exam result at age 14 (Si;14, the KS3 exam) is a
function of the child’s adiposity measured at age 11 (Ai;11).
The term ui;14 represents the unobserved component, which
includes both unobserved child attributes and unobserved
parental/family behaviour. The parameter of interest b1
measures the average relationship between child adiposity
and academic achievement. We augment Eq. (1) to account
for the set of child and family background characteristics
and indicators for parental health and behaviour described
above, which allow us to explore how the relationship
between child adiposity and academic achievement
changes when controlling for various observed inputs in
the child education production function.13
The possible endogeneity of child adiposity is char-
acterised by the fact that the unobservable confounders
ui;14 determine educational outcomes Si;14, but also
determine Ai;11, leading to biased OLS estimates. The bias
is likely to be negative if we assume that excess fat mass is
negatively related to children’s educational outcomes.
The existing literature generally attempts to deal with
the endogeneity problem by either estimating child FE
models when children are observed multiple times, or by
using IV. The ﬁxed effects speciﬁcation deals with the
endogeneity problem only if the unobserved factors that
jointly affect child adiposity and educational outcomes are
constant over time. Any time-varying unobservables such
as changes in children’s peer groups, and changes in
family or household circumstances that affect both school
performance and adiposity (gain) may therefore still bias the
estimates. Additionally, the ﬁxed effects model does not deal
with any reverse causality running from school outcomes to
fat mass. When we use FE below, the outcome of interest
includes two exam results: KS2 and KS3, taken at age 11 and
14 respectively. Adiposity is measured at ages 9 and 11.
The IV method estimates the average causal effect b1 in
(1) by introducing instrumental variables Zi that are
associated with Ai;11, but only associated with Si;14
indirectly through its association with Ai;11. In the absence
of a constant treatment effect, Angrist et al. (2000) specify
the assumptions needed for the standard linear IV
estimator in (1) to identify the average causal response
within a potential outcomes framework. These are: A1 –
independence and exclusion, A2 – a non-zero effect of the
instrument on adiposity, and A3 – monotonicity.14
We focus on the ﬁrst two. Assumption A1, independence
and exclusion, implies that the instrument is as good as
randomly assigned, and that the potential outcomes are
unchanged by the presence or absence of the instrument.
Assumption A2, the non-zero effect of the instrument on
adiposity, refers to the (ﬁrst stage) regression of Ai,11 on Zi to
be non-zero, sometimes referred to as the relevance
assumption.
We compare three instrument sets that have previously
been used in this literature: the child’s adiposity in
previous periods, maternal BMI in a previous period, and
the child’s genetic variants.15 Within the IV approach, the
assumptions are identical for the three instrument sets.
Although they are different from the ﬁxed effects
speciﬁcation, which in turn could result in different
estimates, they both aim to estimate a causal effect of
adiposity on educational attainment. Hence, large differ-
ences between the different approaches would suggest it is
important to identify possible drivers of these differences.
Any differences may be due to the identiﬁcation of
different Local Average Treatment Effects (LATE’s), but
may also be caused by a violation of one or more of the
above assumptions.
4.1. The child’s adiposity in previous periods
The use of the child’s adiposity at earlier ages is often
justiﬁed by arguing that this deals with problems of
reverse causation, as current outcomes cannot affect
previous adiposity. However, current educational attain-
ment is related to earlier attainment, which may have
12 Although the differences between the original and estimation sample
suggest that sample selection may be important, it is likely to affect our
different speciﬁcations in the same way. Hence, it does not affect the
validity of our comparison study.
13 The contextual variables include: child birth weight, age in months,
number of older and younger siblings under 18, log family income and its
square, mother’s and mother’s parents’ educational level, whether the
child was raised by the natural father, family social class, maternal age at
birth, parents’ employment status, and IMD. Indicators for parental health
and behaviour include: mother’s smoking and drinking during pregnancy,
breastfeeding, mother’s ‘locus of control’, two measures of maternal
mental health (EPDS and CCEI), parental involvement or interest in the
14 We combine the independence and exclusion assumptions here,
though they are discussed separately in Angrist et al. (2000). For a more
detailed discussion of independence as distinct from exclusion within a
Mendelian randomization framework, as well as the assumptions of
monotonicity, a non-zero effect of the instrument on treatment, and the
stable unit treatment value assumption (SUTVA), see von Hinke Kessler
Scholder et al. (2011a).
15 Studies that examine the effects of body size on adult labour market
outcomes have also used sibling’s BMI as IV (e.g. Cawley, 2004; Norton
and Han, 2008). We do not observe siblings in the data used here. Other
studies have used offspring BMI as an instrument for parental BMI
(Cawley, 2000; Davey Smith et al., 2009; Cawley and Meyerhoefer, 2012).child’s development, and parents’ engagement in active (outdoor)
activities with their child.
Too few of our cohort members have children of their own to examine this
in more detail.
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 out any reverse causality.16
Relating the instrument to the IV assumptions, the
ld’s lagged adiposity is likely to be related to the child’s
rent adiposity, satisfying the relevance assumption.
ever, whether it satisﬁes the independence and
lusion assumption is debatable. Depending on the lag
d, the correlation between children’s past and current
posity, can be as high as 0.95.17 Such substantial
relation suggests that the child’s earlier fat mass is more
ess a perfect predictor of its current fat mass and raises
bts about its use as an IV. For previous fat mass to be a
id instrument, the component of fat mass that is
orrelated to lagged fat mass needs to contain all of the
relation with the unobserved characteristics of school
formance ui,14. Put another way: all factors contributing
he high correlation between fat mass and lagged fat
ss must be unrelated with these unobserved compo-
ts. With the (unobserved) family environment being an
ortant determinant of both fat mass and educational
comes, there are various situations that can violate this
umption. For example, high unobserved time discount
s can decrease children’s school performance and
rease their fat mass. If this affects fat mass at all ages,
h lagged and contemporaneous fat mass will be
ogenous. With the child’s lagged fat mass being more
ess a perfect predictor of current fat mass, our prior is
the IV estimates that use the child’s lagged fat mass as
 instruments to be very similar to the OLS estimates.
Note however that, if fat mass is actually exogenous, the
 of lagged fat mass as instrumental variables will also
 to results that are very similar to OLS. Hence, similarity
he IV and OLS ﬁndings does not in itself imply that fat
ss in endogenous. In other words, similarity of the two
dels is not necessarily a sign of a poor instrument.
 Maternal pre-pregnancy BMI
The evidence of a genetic component in weight is often
d to justify the choice of maternal or paternal BMI as a
asi-genetic’ instrument (Sabia, 2007; Averett and Stifel,
0). Although its use as an instrument likely satisﬁes the
vance assumption, whether it satisﬁes the exclusion
triction is again debatable. Maternal (lagged) BMI is
ly to be correlated with family resources, unmeasured
ferences or choices, and educational inputs (Kaestner
 Grossman, 2009). For example, discrimination against
se females in the labour market (Cawley, 2004) can
ct the family’s ﬁnancial resources that are available for
uts into the child education production function.
Hence, as in all IV analyses, the validity of the instru-
ntal variables will depend on the context and research
stion. If the main concern relates to reverse causation, for
example when studying the effects of BMI on a chronic
disease, maternal BMI may be a valid instrument. In contrast,
if the main concern relates to unobserved confounding (as is
the case here), maternal BMI may have a direct effect on the
outcome of interest, invalidating its use as an IV.
If the relationship between children’s fat mass and
educational outcomes is driven by, for example, unob-
served family environments or socio-economic position,
the covariance between mother’s BMI (Mi) and the
unobservables, i.e. the numerator of the IV bias term
CovðMiui;14Þ=CovðMiAi;11Þ, is likely to have the same sign as
the covariance between the child’s own adiposity and the
unobservables. In fact, as a longer exposure to the
(unobserved) environment for the mother may lead to
stronger correlations with BMI compared to that for the
child, the former may actually be larger than the latter. We
examine this indirectly in the descriptive statistics
presented below. In addition, this would suggest that
the IV estimates that use mother’s BMI as the instruments
will be more negative compared to the OLS estimates and
compared to the ﬁndings that use the child’s lagged
adiposity as the instruments. We investigate this below.
4.3. The child’s genetic markers
The speciﬁc choice of genetic markers as instrumental
variables is crucial in Mendelian randomization experi-
ments. As in all IV studies, an incorrect choice may lead to
violations of the IV assumptions and bias the estimates.
The two genetic variants used here have been consistently
shown to relate to BMI and fat mass: FTO and MC4R (see
footnote 6). We use the standard statistical tools to
examine the strength of our instruments below, i.e. to test
whether the relevance assumption holds.
As with the other instruments discussed above, we
cannot directly test whether the exclusion restriction
holds. However, we examine this indirectly. The assump-
tion could be violated if, for example, the mechanism
through which the genetic variant affects fat mass involves
changes in behaviour or preferences that also directly
affect the outcome. The current evidence suggests that the
variants are associated with an increased consumption of
fat and energy (see e.g. Timpson et al., 2008). The literature
suggests that the variants increase food intake due to
diminished satiety (Wardle et al., 2008), rather than
through pathways that directly affect the outcome of
interest. This has been conﬁrmed in mice studies, showing
that the increased body mass primarily results from
increased food intake (Church et al., 2010).
To examine any potential alternative effects of the
instruments, one can search databases such as PubMed to
explore whether the instruments have been associated
with any other (health) conditions or characteristics that
could violate the IV assumptions. For example, one study
ﬁnds that FTO increases mortality independent of fat mass
(Zimmerman et al., 2009), whilst another shows a
relationship with prostate cancer (Lewis et al., 2010). If
valid, these could question the validity of our IV strategy. In
this case however, we know that the sample size of the
study by Zimmerman is small, and there are much larger
studies showing the expected effects of FTO on (e.g.)
We use the term ‘reverse causality’ loosely here, as current outcomes
ot have affected previous adiposity. A more precise description
ld be that there is confounding by (in this example) earlier education
 also Flegal et al., 2011).
Our data shows a correlation between 0.935 and 0.960 for BMI
sured one year apart. This falls to 0.718 for BMI measured eight years
t, or 0.714 for fat mass measured seven years apart.
S. von Hinke Kessler Scholder et al. / Economics and Human Biology 10 (2012) 405–418412coronary heart disease (Nordestgaard et al., 2010) through
their effects on adiposity (rather than FTO having a direct
effect on the outcome). In addition, the magnitude of the
effect of FTO on prostate cancer is expected, given its
effects on BMI and the effects of BMI on prostate cancer.
More generally, FTO shows consistent effects on various
obesity-related risk markers, including hypertension
(Timpson et al., 2009a), bone mass (Timpson et al.,
2009b), and diabetes-related metabolic traits (Freathy
et al., 2008), suggesting that the variant affects the
outcome of interest through its effect on fat mass/
adiposity; i.e. FTO is acting as an instrument for adiposity
rather than it violating the IV assumptions.
Another way in which the exclusion restriction could be
violated is if the genetic variant has multiple functions (i.e.
if it is pleiotropic), which directly affect the outcome of
interest. Likewise, if the variant is co-inherited with
another genetic variant (i.e. if it is in linkage disequilibrium
(LD)), violation of this assumption depends on the effect of
the co-inherited variant.18 Although the speciﬁc biological
pathway between our instruments and fat mass is
unknown, there is substantial evidence that they are
related to a diminished satiety and increased food intake.19
As the exact biological, or molecular, mechanism is
unknown however, we cannot with complete certainty
claim that the instruments are not complicated in any
other mechanism that may affect the outcome of interest.
If they are, it could invalidate the IV approach and lead to
biased estimates. In other words, as with any (genetic or
non-genetic) instruments, the validity of the exclusion
restriction will never be known with complete certainty
and can only be examined indirectly. We do this by
correlating the genetic variants with a wide range of
maternal, family and child characteristics and behaviours,
comparing the performance of the genetic variants to the
other instrument sets discussed above.20
As FTO and MC4R are associated with an increased
consumption of fat and energy, this suggests that they
may also explain weight gain between two time periods.
If so, it would suggest that one may be able to use the
genetic variants as instruments for weight gain in a ﬁxed
effects IV regression. The genetic instruments indeed
explain some variation in weight gain. However, 11 year-
olds who are homozygous for the rare allele of FTO are on
average two kilograms heavier than those homozygous
for the common allele. For adults, the difference between
the two groups is about 2.5 kg. Hence, the correlation
between the genetic variants and the gain in weight is not
sufﬁcient for an IV analysis, especially when the
individuals are observed only two years apart; we
therefore do not pursue this further.
5. Results
5.1. Descriptive statistics
Table 2 shows the bivariate correlations between each
of the covariates and the different instrumental variables.
This shows the extent to which the three instrument sets
are (unconditionally) associated with the various
(observed) child and family background characteristics
used in the analyses. Although we would expect some
signiﬁcant differences by chance, we should not observe
any strong patterns between the observables and the
instruments. However, the table shows several signiﬁcant
relationships and patterns in the data: BMI in mothers and
adiposity in children are both inversely associated with
income, mother’s education, grandmother’s education,
grandfather’s education and social class. Similarly, they
are positively associated with deprivation (IMD), mother’s
locus of control and mother’s mental health problems
(CCEI). This suggests there is a strong socio-economic
gradient for both non-genetic instrument sets. In addition,
the table shows that the majority of these covariates have
stronger associations with mother’s BMI than with the
child’s fat mass, conﬁrming our hypothesis that the IV
estimates that use mother’s BMI as the instruments are
likely to be more negative compared to both the OLS
estimates and to the ﬁndings that use the child’s lagged
adiposity as the instruments.
Columns 3 and 4 show that, for example, FTO is
positively related to grandfather’s education and social
class, and that those who carry one or two MC4R risk alleles
are more likely to be raised by their natural father, their
mothers are less likely to work full-time, and are more
likely to breastfeed longer. However, there are no clear
patterns such as those observed for mother’s BMI and
children’s fat mass, suggesting that the genetic variants are
largely unrelated to these background characteristics.21
18 von Hinke Kessler Scholder et al. (2011a) include a more detailed
discussion of the speciﬁc conditions that need to be examined in
Mendelian randomization experiments and elaborate on the validity of
these variants in particular. We do not discuss these here, as this is
beyond the scope of this paper: it is not our aim to provide an examination
of the conditions for the correct use of genetic markers. The main focus of
the current article is to compare the different identiﬁcation strategies
adopted in this literature and to contrast their ﬁndings.
19 As discussed in Cawley et al. (2011) and von Hinke Kessler Scholder
et al. (2011b) for example, genes related to neurotransmitter-related
variants are implicated in many neurological processes, making it difﬁcult
to argue that they can be used as valid instruments for one speciﬁc risk
factor without being associated with others that could plausibly inﬂuence
the outcome of interest. The genetic variants FTO and MC4R are therefore
arguably better than the neurotransmitters used in the previous
literature.
20 With data on a large number of fat mass-related variants, we will be
able to examine the possibility of pleiotropy and LD with increased
certainty. More speciﬁcally, we can specify multiple IV models, each using
different independent combinations of these variants. If each of these sets
predict the same causal effect, this is very unlikely to be due to some
common pleiotropy or LD across the different sets of variants, assuming
that the different variants are located on different chromosomes and
affect the trait via different pathways (Davey Smith, 2011; Palmer et al.,
2012). A large number of variants are currently known to affect fat mass
21 Using a two-sided binomial probability test at the 10% level, a
comparison of the observed versus expected number of signiﬁcant
correlations suggests that the non-genetic instruments show a greater
association with covariates than that expected by chance (p < 0.000001
both for maternal BMI and child’s lagged BMI). For FTO and MC4R, the p-
values equal 0.73 and 0.03 respectively, suggesting that MC4R also showsand BMI. Including these in future analyses will greatly improve its
power, leading to much smaller standard errors.
a slightly higher correlation than that expected by chance; we do not have
any prior suppositions as to why this may be the case.
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 control for it in the speciﬁcations described above,
re may still be a host of other family or child factors that
 related to both obesity and outcomes, but are
bserved to the researcher. With Table 2 showing
ng socio-economic gradients for maternal BMI and the
ld’s fat mass, there is no compelling reason to believe
t there is no such gradient between these instruments
 other unobservables.
5.2. OLS
We begin by examining the non-parametric relation-
ship between the child’s fat mass at age 11 and
educational attainment at age 14 (KS3 scores), and
between fat mass at age 9 and educational attainment
at age 11 (KS2 scores). Figs. 1 and 2 show a clear negative
relationship for both, which is linear over the full range
of the adiposity distribution. Hence, we start with an OLS
le 2
fﬁcients (std. err) of the bivariate correlations, obtained from separate regression of the indicators presented in the ﬁrst column on each instrumental
able.
Mother’s BMI Child’s fat mass, age 9 FTO MC4R
rla 0.001 0.000 0.010 0.034*
(0.001) (0.001) (0.013) (0.018)
rth weight 7.718*** 1.905* 11.596 41.152**
(1.227) (1.057) (14.280) (20.038)
der siblings (0, 1, 2 or more) 0.004*** 0.001 0.015 0.005
(0.001) (0.001) (0.019) (0.027)
unger siblings (0, 1, 2 or more) 0.003** 0.002 0.030* 0.025
(0.001) (0.001) (0.017) (0.024)
 (income) 0.003*** 0.003*** 0.010 0.006
(0.001) (0.001) (0.012) (0.016)
other’s education 0.011*** 0.010*** 0.023 0.012
(0.002) (0.002) (0.023) (0.033)
andmother’s education 0.008*** 0.006*** 0.001 0.032
(0.001) (0.001) (0.020) (0.028)
andfather’s education 0.009*** 0.007*** 0.072*** 0.023
(0.001) (0.001) (0.020) (0.029)
ised by natural fathera 0.001** 0.001* 0.002 0.018**
(0.000) (0.000) (0.006) (0.008)
ther’s social class 0.015*** 0.007*** 0.084** 0.056
(0.002) (0.002) (0.033) (0.047)
other’s age 0.002 0.003** 0.007 0.024
(0.002) (0.002) (0.024) (0.033)
other works PT, at 21 monthsa 0.001 0.001 0.008 0.018
(0.001) (0.001) (0.013) (0.018)
other works FT, at 21 monthsa 0.001 0.000 0.003 0.030***
(0.001) (0.001) (0.008) (0.011)
rtner is employed, 21 monthsa 0.000 0.000 0.009 0.013
(0.001) (0.001) (0.007) (0.010)
D 0.107*** 0.145*** 0.376 0.752
(0.026) (0.027) (0.359) (0.499)
other smoked during pregnancya 0.000 0.003*** 0.008 0.002
(0.001) (0.001) (0.010) (0.014)
other drank alcohol during pregnancya 0.000 0.001 0.002 0.023
(0.001) (0.001) (0.013) (0.018)
tensity of breastfeeding 0.016*** 0.015*** 0.047 0.119***
(0.002) (0.002) (0.032) (0.044)
other’s ‘locus of control’ 0.095*** 0.102*** 0.364 0.319
(0.018) (0.018) (0.250) (0.345)
other’s CCEI 0.028** 0.027* 0.136 0.473*
(0.014) (0.014) (0.187) (0.262)
other’s EPDS 0.005 0.007 0.070 0.185
(0.009) (0.009) (0.119) (0.166)
other’s teaching score 0.002 0.001 0.004 0.068**
(0.002) (0.002) (0.024) (0.034)
terest in child’s development 0.000 0.000 0.005 0.005
(0.000) (0.000) (0.005) (0.007)
rent’s activity score 0.017** 0.004 0.042 0.213
(0.009) (0.009) (0.115) (0.168)
mber of observations 3001 3001 3001 3001
Binary indicators.
p < 0.10.
 p < 0.05.
* p < 0.01.
S. von Hinke Kessler Scholder et al. / Economics and Human Biology 10 (2012) 405–418414regression of KS3 (age 14) on the child’s fat mass (age 11);
this is presented in columns 1–5 of Panel A in Table 3,
with each column subsequently adding more control
variables. The raw correlation between educational
attainment and fat mass is negative, with a one standard
deviation increase in fat mass associated with a 0.11
standard deviation decrease in test scores (column 1). We
augment Eq. (1) to account for the contextual variables
(column 2) and mother’s health and behaviour (column
3). This brings the estimate closer to zero, but it remains
negative and statistically signiﬁcant. Column (4) is
similar to (3), but uses the slightly smaller sample size
that corresponds with the sample when including school
ﬁxed effects, which is presented in column 5. Panel B
presents the results for the regressions of KS2 (age 11) on
fat mass at age 9, showing slightly smaller estimates,
though with a similar pattern. In summary, all OLS
speciﬁcations suggest that there is a negative correlation,
albeit a small one, between the child’s fat mass and
educational attainment.
5.3. Fixed effects
We now turn to the individual ﬁxed effects analysis.
We use the child’s exam result on the KS2 and KS3 tests as
the dependent variables, and specify the child’s fat mass at
ages 9 and 11 as the variables of interest. Hence, we
perform a ﬁxed effects analysis of the Key Stage test score
on the lagged measure of child adiposity. As most of our
covariates are either time-invariant (such as birth weight
or maternal education) or not observed multiple times
(such as family income), these drop out of the analysis.
Hence, our only control variable in the FE analysis is the
child’s age in months at the time the Key Stage tests are
taken. The results are presented in column 6 of Table 3
(panels A and B are identical). The child FE estimate is
similar to the estimate obtained from OLS, again
suggesting that fat mass negatively affects children’s
educational outcomes. However, as discussed above, the
ﬁxed effects analysis does not account for time-varying
unobservables that affect both child fat mass and
educational performance. Our next step is therefore to
5.4. Instrumental variables
We explore three sets of instruments. First, following
Averett and Stifel (2010) and Sabia (2007), we instrument
child fat mass with maternal pre-pregnancy BMI and BMI
squared. Second, as Kaestner and Grossman (2009), we use
the child’s lagged under- and overweight categories (the
percentiles 0–5, 6–15, 16–84, 85–94 and 95–100 of the age
9 fat mass distribution) as instruments for later fat mass.22
Finally, we present the ﬁndings using the child’s genetic
variants FTO and MC4R as instruments for fat mass.
Table 4 presents the speciﬁcation tests for the ﬁrst-
stage regressions using the three sets of instruments.
Whether or not we control for the background character-
istics, all instruments are strongly associated with child fat
mass, as shown by the F-statistic of IV strength. This is
particularly large when using the child’s lagged fat mass
(F = 1496), and maternal BMI (F = 127), but remains
considerable when using the genetic variants (F = 19).
The LM test for under-identiﬁcation has large values in all
speciﬁcations, indicating that the models are identiﬁed.
Table 5 presents the second stage regression results;
panels A–C refer to the different instrument sets. For
comparison, column 1 replicates the OLS results without
school ﬁxed effects from Table 2, whilst columns 2–4 show
the ﬁndings after instrumenting for fat mass. Controlling
for all covariates, the OLS results show that fat mass
negatively affects school performance. Using mother’s pre-
pregnancy BMI and BMI squared as instruments (panel A),
this relationship remains negative and strong. The
estimates suggest that one standard deviation increase
in fat mass relates to a 0.12 standard deviation decrease
in KS3 (column 4). In fact, the IV estimate is almost
three times larger than the estimate from the OLS
regression, suggesting that OLS underestimates the true
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Fig. 1. Non-parametric regression of KS2 on adiposity at age 9.
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Fig. 2. Non-parametric regression of KS3 on adiposity at age 11.
22 Sabia (2007) uses mother’s and father’s self-reported obesity status.
However, as father’s height and weight is only known for a much smaller
sample, we take Averett and Stifel’s (2010) approach and use mother’s
BMI and its square. Kaestner and Grossman (2009) regress the change in
educational attainment on the level of child BMI, using the child’s 4-year
lagged BMI categories as the instruments. To make the analysis morecomparable across our alternative instrument sets, we use the level of
educational performance as the dependent variable.examine the IV strategy.
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eed rejects the null that fat mass is exogenous,
gesting that – if we believe that the IV assumptions
 satisﬁed – we should rely on the IV estimates.
Panel B, which uses the child’s lagged adiposity as
truments for current adiposity, also shows negative
cts of fat mass on KS3. Including the controls brings the
mate closer to zero, though it is still very similar to OLS.
ally, when genetic markers are used as instruments in
el C, we ﬁnd somewhat ambiguous results, with point
mates that are sometimes smaller and sometimes
er than those in Panel B. As there are no large
erences in the ﬁrst stage regressions that do or do
not control for covariates, the variability in the IV point
estimates is likely to be due to the relative weakness of the
genetic variants.23 Although the ﬁnal IV estimate is very
similar to that obtained by OLS, the large standard errors
preclude us from rejecting the null of no effect. In fact, a
Hausman test for the endogeneity of fat mass would
suggest that – statistically speaking – we should rely on the
OLS estimates rather than the IV (p = 0.892). However, we
argue that any such conclusions should not be based on
one test alone, but should take into account all available
evidence discussed above, including the potential for
violations of the model assumptions. With a very wide IV
conﬁdence interval, the comparison test between OLS and
IV is unlikely to be very strong. However, even if one were
willing to assume that including the wide range of
variables in the OLS regression solves the endogeneity
problem, the magnitude of the estimate shows that, if any,
the effect is very small. The OLS conﬁdence interval is
[0.07, 0.014], indicating that a one standard deviation
increase in adiposity leads to a maximum of 0.07 standard
deviations decrease in educational outcomes. This corre-
sponds to a decrease in children’s KS3 score from the
median to the 47th percentile. Hence, even if there truly
were an adverse effect of adiposity on educational
outcomes, the magnitude of this effect is small.24
le 3
 and FE of academic achievement (KS scores) on child adiposity (fat mass).
OLS Child FE
(1) (2) (3) (4) (5) (6)
 KS3 (at 14)
t mass (at age 11) 0.110*** 0.051*** 0.042*** 0.043*** 0.037** 0.030*
(0.016) (0.014) (0.014) (0.014) (0.015) (0.017)
squared 0.02 0.26 0.29 0.28 0.32 0.06
mber of children 3001 3001 3001 2846 2846 3001
 T 6002
 KS2 (at 11)
t Mass (at age 9) 0.074*** 0.030** 0.025* 0.027* 0.025* 0.030*
(0.015) (0.014) (0.014) (0.015) (0.015) (0.017)
squared 0.01 0.21 0.23 0.23 0.26 0.06
mber of children 3001 3001 3001 2846 2846 3001
 T 6002
ntextual variables  Yes Yes Yes Yes Yesa
other’s health and behaviour   Yes Yes Yes Yesa
hool ﬁxed effects     Yes 
s: Robust standard errors in parentheses. The contextual variables include: birth weight, number of older and younger siblings under 18, age in months,
quivalised family income and its square, mother’s educational level, mother’s parents’ educational level, raised by natural father, social class, maternal
at birth, parents’ employment status, and IMD. Mother’s health and behaviour include: mother’s smoking and drinking during pregnancy, breastfeeding,
her’s ‘locus of control’, two measures of maternal mental health (EPDS and CCEI), parental involvement or interest in the child’s development, and
nts’ engagement in active (outdoor) activities with their child. Including school ﬁxed effects drops 155 children from the analysis, as we only observe a
le child in their school.
The child ﬁxed effects analysis drops all time-invariant indicators, hence we only include the child’s age as a covariate.
p < 0.10.
 p < 0.05.
* p < 0.01.
le 4
 stage speciﬁcation tests of the instrumental variable regressions of
d adiposity (fat mass).
(1)
Fat mass,
age 11
(2)
Fat mass,
age 11
(3)
Fat mass,
age 11
 maternal BMI as IV
 strength, F-statistic 145.0 127.4 127.1
der identiﬁcation LM testa 229.8 210.0 209.7
 child’s lagged fat mass as IV
 strength, F-statistic 1661.7 1513.8 1496.0
der identiﬁcation LM testa 746.7 740.0 744.7
 genetic markers as IV
 strength, F-statistic 16.0 20.2 19.1
der identiﬁcation LM test a 31.4 39.5 37.4
ntextual variables – Yes Yes
other’s health and behaviour – – Yes
s: All controls included. Number of observations in all speciﬁcations
23 Due to a smaller sample size, the estimates are slightly different from
a previous paper that uses the ALSPAC data and Mendelian randomization
methods (von Hinke Kessler Scholder et al., 2011a); however, the
conﬁdence intervals overlap.
24 The inclusion of school ﬁxed effects leads to similar ﬁndings as those01.
The Kleibergen-Paap LM statistic for under-identiﬁcation.
described above. Using (standardised) BMI rather than fat mass also gives
similar estimates to those presented.
S. von Hinke Kessler Scholder et al. / Economics and Human Biology 10 (2012) 405–418416Despite the sometimes large differences in the point
estimates of the different model speciﬁcations, the over-
identiﬁcation (Hansen J) tests in Table 5 do not suggest any
of the instrument sets is actually invalid. This may be
surprising given our priors discussed in Section 4 and given
some of the large differences in point estimates. However,
this may simply reﬂect the low power of the test.
The ﬁndings in panel A conﬁrm Averett and Stifel
(2010) and Sabia (2007), who use similar instruments.
However, they are in contrast with the results in panel B
and C. The only driver behind these differences is the
choice of instruments, since the model speciﬁcation and
assumptions are identical in all other aspects. We cannot
conclude however, that all differences in the existing
literature are necessarily solely due to the use of different
instrumental variables, as the studies control for different
covariates, which can lead to different results.
Nevertheless, the size and patterns of our estimates in
panels A and B correspond to our priors as discussed in
section 4: larger negative coefﬁcients when using maternal
BMI as the instruments (panel A), and similar coefﬁcients
to those found in OLS when using the child’s lagged fat
mass as the instruments (panel B).
Statistically speaking however, we cannot distinguish
most estimates from the OLS estimates or from each other.
This would suggest that we should rely on OLS rather than
IV. Indeed, the use of maternal BMI as instrumental variables
is likely to enhance any bias, the use of the child’s lagged fat
mass will be similar to OLS, and the use of genetic variants
leads to very imprecise estimates. However, as discussed
above, we are cautious about this interpretation, as the
power of some of our analyses is low, particularly for the
analyses that use the genetic variants as instruments. If we
had sufﬁcient power, with tight conﬁdence intervals for all
estimates, the test would tell us something about the ‘true’
effect. In our case, with low power, we argue the focus
should be more on the relative magnitude of the estimates
and on whether the (OLS, FE and IV) assumptions for causal
inference are likely to be met.
We show that, in the context of this research question,
the use of the two non-genetic instrument sets is likely to
violate the IV assumptions due to their association with
many child and family background characteristics that are
also associated with the outcome of interest. This therefore
suggests that maternal BMI and children’s lagged adiposity
should not be used as instrumental variables, as they are
likely not to meet the exclusion restrictions required of a
valid instrument. As discussed above however, this
argument does not necessarily generalise to all other
research questions examining the effects of fat mass, but
more speciﬁcally relates to this context, where the main
concern relates to unobserved confounding, rather than
reverse causation.
6. Conclusions
The literature that examines the relationship between
child adiposity (or BMI) and educational outcomes
generally ﬁnds mixed results. It is possible that the
differences between studies are overstated: there may
be no true difference in associations across studies, but p-
values for associations may vary due to different sample
sizes. Differences between studies may also arise because
of variations in associations in different populations, the
use of different conditioning variables, or different
methodologies. In addition to an OLS, studies generally
either specify an individual FE approach and/or an IV
speciﬁcation. Using one common dataset, this paper
compares the different approaches, discusses their appro-
priateness and contrasts the ﬁndings. Within the IV
Table 5
Second stage IV results: KS3 on child adiposity (fat mass).
OLS 2SLS
(1)
KS3
(2)
KS3
(3)
KS3
(4)
KS3
A. maternal BMI as IV
Fat mass, age 11 0.042*** 0.298*** 0.119*** 0.119***
(0.014) (0.051) (0.046) (0.046)
p-Value, Hansen J test 0.381 0.449 0.351
p-Value, Hausman test 0.000 0.115 0.074
B. child’s lagged fat mass as IV
Fat mass, age 11 0.042*** 0.100*** 0.035** 0.031*
(0.014) (0.019) (0.018) (0.017)
p-Value, Hansen J test 0.912 0.864 0.944
p-Value, Hausman test 0.377 0.165 0.318
C. Genetic markers as IV
Fat mass, age 11 0.042*** 0.106 0.098 0.039
(0.014) (0.155) (0.120) (0.122)
p-Value, Hansen J test 0.528 0.418 0.644
p-Value, Hausman test 0.146 0.694 0.982
Contextual variables Yes – Yes Yes
Mother’s health and behaviour Yes – – Yes
School ﬁxed effects – – – –
Notes: Robust standard errors in parentheses. Number of observations is 3001.
* p < 0.10.
** p < 0.05.
*** p < 0.01.
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nts for child adiposity, all of which have been applied in
 literature: mother’s pre-pregnancy BMI and BMI
ared, the child’s lagged adiposity categories, and the
ld’s genetic markers.
OLS results show that more adipose children perform
rse in school tests compared to their leaner counter-
ts. These ﬁndings are robust to an individual FE
ciﬁcation. We show that the IV results differ depending
the instrument set chosen. Accounting for the
ogeneity of fat mass using maternal pre-pregnancy
I yields large negative estimates, suggesting that fat
ss decreases school outcomes, possibly by a greater
gnitude than that observed using OLS. Using children’s
ged fat mass to instrument for current fat mass leads to
tterns of) estimates that are very similar to the OLS
ings, but with slightly larger standard errors. Account-
 for the endogeneity of adiposity using the genetic
rkers shows somewhat ambiguous results, with point
mates that are sometimes smaller, sometimes larger
n the OLS estimates. With the large standard errors
ever, we cannot reject the null of no effect.
The different approaches make different assumptions,
ich may or may not be valid in this context. Despite our
e number of control variables, the OLS estimates are
ly to be subject to residual confounding. Likewise, the
pproach does not deal with reverse causation, nor does
eal with time-varying unobservables that affect both fat
ss and child outcomes. Examining the two non-genetic
trument sets, we show that they are associated with
eral child and family background characteristics that
 also associated with children’s educational outcomes.
s casts doubt on their appropriateness as an IV,
gesting that – in this context, where the main concern
tes to unobserved confounding rather than reverse
sation – they do not satisfy the exclusion restriction
eria required for a valid instrument. The use of genetic
iants as instrumental variables in turn may violate the
lusion restriction through the variants’ unknown
chanisms – possible pleiotropy or linkage disequili-
m – although the evidence suggests that these are
ikely to play a role here. In addition, we show that the
etic variants are generally unrelated to the set of child
 family background characteristics that are associated
h children’s educational attainment. Taken together,
 suggests that the use of carefully chosen genetic
iants as instrumental variables is least likely to obtain
sed causal effects.
Nevertheless, our analyses show that most estimates
not be statistically distinguished from OLS, nor from
h other. Statistically speaking, this might suggest that
 should rely on the OLS estimates, rather than the IV.
ever, we are cautious about this interpretation, as the
er of some of our analyses is low, particularly for the
lyses that use the genetic variants as instruments. If we
 sufﬁcient power, with tight conﬁdence intervals for all
mates, the test would tell us something about the ‘true’
ct. In our case, with low power, we argue the focus
uld be more on the relative magnitude of the estimates
 on whether the (OLS, FE and IV) assumptions for causal
Taking account of the different ways in which the above
methods are likely to have violated key assumptions when
addressing causality, and comparing the point estimates
from the different approaches, we conclude that fat mass is
unlikely to be causally related to academic achievement in
adolescence.
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Appendix A. A brief introduction to genetics
Each cell in the human body contains a nucleus in which
most DNA is kept. DNA is stored in structures called
chromosomes, where each chromosome contains a single
continuous piece of DNA. All cells in the human body apart
from gametes (i.e. germ cells) contain 46 chromosomes,
organised into 23 chromosome pairs: one copy of chromo-
some 1–22 from each parent, plus an X-chromosome from
the mother and either an X or a Y chromosome from the
father.
Locations (or loci) where DNA varies between people are
called polymorphisms. The most commonly studied form of
polymorphism is a Single Nucleotide Polymorphism (SNP): a
single base-pair variation in a DNA locus. As chromosomes
come in pairs, humans have two base-pairs at each locus,
called alleles. These alleles can either be the same or
different. The term genotype is used to describe the speciﬁc
set of alleles inherited at a particular chromosome locus. For
example, individuals can have one of three genotypes of the
FTO SNP (one of the genetic variants used here): they can be
homozygous for the common allele (TT), heterozygous (AT),
and homozygous for the rare allele of FTO (AA). The visible or
measurable effect of a particular genotype is called the
phenotype.
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